Chest X-ray images provide the most common and widely-used clinical data. Despite, the many studies directed at the segmentation and analysis of chest X-ray images, interpretation remains challenging because of image complexity and variety. Presently, we propose a diagnosis support system for chest X-ray images based on image processing and analysis methods to evaluate the normality of X-ray images. To segment lung regions from the chest X-ray images, thresholding and morphological methods were applied. Measurement and texture analysis techniques were performed on the segmented regions. The effectiveness of the proposed method is shown through experiments and comparison with diagnosis results by clinical experts.
Introduction
After the X-ray was discovered by Wilhelm Conrad Röntgen in 1895 [1] , this radiation has been widely using in diagnostic medicine. Various examination tools including computed tomography (CT) and magnetic resonance imaging (MRI) have been developed and have supplanted the X-ray for some purposes. However, X-ray imaging is still the most common examination tool.
Despite the long history and popularity of X-ray technology, interpretation of X-ray images remains challenging due to image complexity and variation. Many studies have been undertaken to refine X-ray analysis. These include segmentation and enhancement [2] [3] [4] [5] [6] , and detection of image abnormalities [2, [7] [8] [9] [10] . Especially, a variety of clinical decision support systems (CDSSs) or computer-aided diagnosis (CAD) systems have been reported as aids to the clinical decision process [2, 7, 9, 10] . Most of the proposed systems are limited to the detection of suspicious features from medical images. Moreover, the methods for lung region segmentation based on learning or landmarks, such as the those based on active shape models (ASMs) [2] [3] [4] [5] [6] , neural networks (NNs) [2, 10] , and knowledge [2] require an image-based experiential learning process. Despite the learning process, the methods all suffer from the difficulty in segmenting the lung region, which can display widely varying lung shape with a badly defined edge [11] .
Even clinical experts are challenged to distinguish between normality or abnormality of lung field such as blood vessels and nodules [2] . Thus, a method which is robust and possible to support the clinical decision is needed.
The present study proposes a support system to evaluate normality from chest X-ray images. The proposed two-stage method consists of image segmentation to detect lung regions from chest X-ray images followed by measurement and texture analysis to evaluate normality of the given image. Using thresholding and morphological processing, the lung regions are segmented from X-ray images. Moreover, measurement and texture analysis enables the distinction of normality and abnormality of cardiomegaly and lung.
To show the effectiveness of the proposed method, we performed segmentation and measurement experiments on various chest X-ray images with diagnosis results by clinical experts, and compared the results between experimental results and the expert-derived diagnosis. In this paper, 10 chest X-ray images, shown in Figure 1 , were used. The diagnosis results according to images are summarized in Table 1 . Figure 1 . Chest X-ray images used in the study. 
Materials and Methods
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Lung region segmentation
In this study, threshold and morphological methods-based segmentation were performed. The threshold value was selected using entropy maximization on smoothed histogram [12] [13] [14] [15] [16] [17] . The segmentation algorithm is summarized as follows:
Step 1] Obtain histogram of input image and smooth histogram using Gaussian kernel [14] [15] [16] .
where g and z represent gray levels   
and  is an error criterion and we set as 4 
10
 .
Step 2] Based on smoothed histogram, the threshold value is selected by entropy maximization method [13, 16] . When the probabilities of the partitions have the same value, entropy is maximized. Therefore the optimal threshold value is selected by Eq. (3).
where j A denotes j th partition, which consists of gray
Step 3] Perform dilation and erosion morphological processing with an adaptive mask [12, 17] .
Step 4] Detect lung region.
An example of a segmentation is shown in Figure 2 . To evaluate the cardiomegaly and overall normality of chest X-ray image, size measurement and texture analysis methods [18] [19] [20] were applied. To evaluate cardiomegaly, the cardiothoracic ratio (CTR) was used. The features of lung region and example of CTR measurement based on the features are shown in Figure 3 .
(a) Feature points (b) Cardiomegaly ratio Figure 3 . Feature points selection and CTR measurement in a chest X-ray image.
From the image in 4b, the CTR is defined as follows.
where   A B  represents the transverse cardiac diameter and C represents transverse thoracic diameter.
In general, if the CTR is around 0.5, then the size of heart is normal. However, in an image measurement system, there could be an error between actual contour and computed contour of lung regions. Therefore, we applied another evaluation method to detect cardiomegaly, in which we evaluated cardiomegaly based not only on CTR but also on the ratio of pixel density of lung regions as follows:
Step 1] Project each lung regions according to the x-axis and y-axis.
Step 2] To divide segmented lung contour into apex, costal, hemidiaphragm, and mediastinal part, compute the angle between projected axis and the candidate points.
Step 3] Select the points which have maximum distance from mid line of the thoracic spine
Step 4] Using Eq. (5), compute CTR and lung regions pixel density ratio.
where RD and LD represent the right lung pixel density and left lung pixel density, respectively.
Step 5] A HR >1.5 is diagnostic of cardiomegaly
The reason for the use of the pixel density ratio of the right and left lung is to compensate for the error of segmentation regions from actual lung regions. Moreover, to evaluate the overall normality of lung from a chest Xray image, the co-occurrence texture analysis method is applied. Co-occurrence matrix is a statistical approach to analyze texture. The co-occurrence matrix used in this study was defined to four directions ( 0  , 45  , 90  , and 135  ) at distance 1. The co-occurrence matrix of given image is determined by using Eq. (6), and the normalized co-occurrence matrix ij p is obtained using Eq. (7). The example of co-occurrence matrix is shown in Figure 4 .
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where   From the co-occurrence matrix, ten Haralick texture descriptors (Entropy, Energy, Contrast, Homogeneity, Sum Average, Variance, Correlation, Maximum Probability, Inverse Difference Moment, and Cluster Tendency) [19, 20] are computed to analyze the lung texture. Table 2 . Haralick features and characteristics.
Features Description Equation Entropy
Measures the randomness of graylevel distribution  are the mean and variance of row and column of co-occurrence matrix, and are defined as follows:
Based on the computed Haralick features, we evaluated the normality between the right lung and left lung using cluster tendency. A marked difference between cluster tendencies of the lungs is indicative of differing lung characteristics, which could indicate a lung problem. Therefore, we evaluated the difference ratio from Eq. (9)
where CR and CL represent the cluster tendency of the right lung and left lung, respectively. If the ratio is out of the range 1.0 0.2  , the chest X-ray image of the lung is judged abnormal.
Experimental Results
To show the effectiveness of the proposed method, we applied it to 10 chest X-ray images with various characteristics (Figure 1) . Some of the segmentation results are shown in Figure 5 , and the parameter used in segmentation stage and the measurement results are summarized in Tables 3 and 4, Table 3 show the segmentation results and the parameter values according to images. Figure 5a and 5b exemplifies the similarity of the different detected contours of lung regions by the proposed method with the difference from the actual contours of the lung regions. Although the proposed method does not always provide the best segmentation results, the similarity with the actual contours is compelling. Based on the segmented images, measurement and interpretation can be performed. Table 4 shows the measurement results of CTR, texture, and lung ratio. Based on the measurement results, the interpretation was performed; the results are summarized in Table 5 . While the data from Tables 5 and 6 indicate that the proposed method provides accurate results for most, but not all, all cases of X-ray images. In particular, for Images 9 and 10, the proposed method did not provide accurate results, because of the difference between segmented contour and actual contour. Further improvement of segmentation accuracy for chest X-ray images is required.
Conclusion
The chest X-ray is the most common and widely-used examination method in medicine. A plethora of studies have been directed at improving the analysis of X-ray images; the approaches have included segmentation, edge detection, and nodule detection. However, analyzing an X-ray image in a CDSS remains challenging. In this study, we propose a chest X-ray diagnosis support system based on image processing. We segmented lung regions of a given image based on threshold and morphological methods. Moreover, feature selection and image measurement were performed to evaluate the normality of chest X-ray images.
The results demonstrate that the segmentation results differ only marginally from the actual contours of lung regions and provide similar results with actual lung regions. Moreover, based on the measurement and feature selection, the interpretation of normality is facilitated, and the results of interpretation were similar with the diagnosis made by clinical experts.
However, we manually adopted a morphological mask size for dilation and erosion, and only cardiomegaly and normality were evaluated based on the proposed image measurement and feature selection. A segmentation method for chest X-ray images with more non-standard and complicated shape is needed, as are methods to evaluate more diseases such as pulmonary, pleural effusion, and pneumothorax diseases.
